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Abstract
The rapid, widespread adoption of Large Language Models (LLMs) highlights the need to understand their
performance, strengths, and limitations. However, evaluating LLMs presents significant challenges due to the broad
range of tasks and model capabilities, especially in practice or low-resource settings where benchmark datasets
are not available. In text generation tasks, answer diversity has always complicated automatic evaluation, and the
enhanced fluency and creativity of LLMs lead to further challenges. Existing metrics and frameworks often fail to
account for these complexities. Furthermore, recent research into the replicability of benchmarks has demonstrated
serious issues when reproducing historical benchmark results. This paper makes two key contributions: (1) a
categorisation of challenges and metrics in LLM evaluation, and (2) lessons learned from practice through a survey
and a use case. To this end, a literature study was conducted to identify challenges and metrics in scientific work. A
survey among developers working with LLMs provided insights into practical challenges. Furthermore, selected
metrics were implemented in a practical use case to gain insights into their strengths and limitations. By combining
theoretical analysis with real-world experiences and lessons learned from practice, this work provides an overview
and best practices for users evaluating LLM performance.
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1. Introduction

The evaluation of generative Large Language Mod-
els (LLMs) has become increasingly critical as
these models have gained widespread use in re-
cent years. In the past, language models were eval-
uated on specific tasks using manual annotations
against benchmarks. While this approach remains
effective for classification tasks, it is not always suit-
able for text generation due to the variability of nat-
ural language. Correct answers can be formulated
in many acceptable ways, which makes it difficult to
compare LLM answers to a fixed ground truth. An-
other challenge is that commonly used benchmarks
are not always representative of real-world appli-
cations or practical usage scenarios (Kiela et al.,
2021). Furthermore, many benchmarks are pub-
licly available and may be included in LLM training
(Ravaut et al., 2024), raising concerns about overfit-
ting (Zhang et al., 2024). In this work, we contribute
to a better understanding of these challenges in a
practical setting through two contributions: (1) a
categorisation of the key challenges and metrics in
evaluating LLMs, (2) lessons learned from practice
through a survey and a use case.

This paper is structured as follows: in Section 2,
we will discuss related work on LLMs, LLM evalua-
tion, and we will present a categorisation of eval-
uation challenges. In Section 3, we will compare

a set of evaluation metrics. In Section 4, we will
discuss evaluation challenges in practical contexts,
gathered through a survey and a practical use case.
In Section 5, we will discuss the insights from the
survey and the use case. Finally, we will conclude
our work and discuss ideas for future work.

2. Related Work

LLMs are a progression of standard statistical lan-
guage models that condition word generation on
word context by assigning probabilities to word
sequences. LLMs are produced by deep neu-
ral networks based on Transformer architectures
(Vaswani et al., 2017), and condition the genera-
tion of words on vectorised representations of left
context. In the original Transformer architecture, a
separate bi-directional encoder optimises this vec-
torisation in conjunction with a left-to-right operat-
ing, autoregressive decoder that provides feedback
to the encoder. Most contemporary LLMs, such as
GPT-3, are decoder-only architectures that inte-
grate the encoding process within the model itself
(Brown et al., 2020). These models are large ac-
cording to three dimensions: the amount of words
they are initially trained on, the amount of parame-
ters in the underlying neural network models, and
the training budget (Minaee et al., 2025; Naveed
et al., 2024).
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2.1. LLM Evaluation
LLMs rapidly gained popularity across diverse appli-
cations, increasing the need for robust evaluation.
Traditional evaluation methods, such as perplexity,
BLEU (Papineni et al., 2002), and ROUGE (Lin,
2004), have been widely used. However, due to
the fast advancements of LLMs, those metrics no
longer capture the full scope of model performance
(Meister and Cotterell, 2021; Wu et al., 2023a). This
sparked a search for new metrics and a deeper un-
derstanding of existing ones.

Several surveys review evaluation methods for
text generation and large language models, and
try to categorise methods along different dimen-
sions. For instance, the surveys of Celikyilmaz
et al. (2021); Belz and Reiter (2006) make a distinc-
tion between intrinsic evaluation, which focuses on
model behaviour, and extrinsic evaluation, which
considers downstream task performance. The re-
cent survey of Chang et al. (2024) takes a different
approach with grouping tasks (“what"), datasets
(“where"), and protocols (“how") (Chang et al.,
2024) or automatic versus human (Belz and Reiter,
2006). Some surveys take a more narrow scope,
such as benchmarks only (Ni et al., 2025) or evalua-
tion challenges and limitations (Laskar et al., 2024)
(which we further discuss in Section 2.1. Further
categories can be added, such as alignment and
safety (Guo et al., 2023; Liu et al., 2023b), but it
is not always clear how those align with existing
work, reflecting the lack of consensus on evaluation
standards (Chang et al., 2024).

We introduce a categorisation of aspects of LLM
evaluation in Table 1, which includes categories
such as the ones discussed above. At the top
level, we have four categories. The scope indi-
cates the focus of the evaluation, which can be
on intrinsic qualities, such as correctness of gen-
erated texts (Celikyilmaz et al., 2021), or extrinsic
qualities such as a user’s improved comprehension
after interacting with a downstream task (Belz and
Reiter, 2006). The second category of evaluation
is by the approach or method of evaluation: by
humans, metrics, benchmarks, or a hybrid form.
Metrics and benchmarks can both be considered
automatic methods (Celikyilmaz et al., 2021), align
with the “where” category of Chang et al. (2024),
and fall under the ‘organisation’ category of Guo
et al. (2023). Third, evaluation can be distinguished
by task type, similar to Chang et al. (2024). Within
the task types, a broad distinction can be made be-
tween Natural Language Understanding (NLU) and
Natural Language Generation (NLG) (Jurafsky and
Martin, 2008; Khurana et al., 2023). NLU tasks, like
sentiment analysis or semantic role labelling, are
generally easier to evaluate using accuracy or F1.
NLG tasks, such as summarisation or question an-
swering, are more challenging due to the diversity

of valid outputs and the need to assess correctness,
fluency, and relevance (Liu et al., 2023a). Finally,
we identify four levels of evaluation: input or prompt
level, output, model, and system level.

LLM Evaluation
Scope Approach Task Level
Intrinsic Human NLG Input
Extrinsic Metrics NLU Output

Benchmarks Combined Model
Hybrid System

Table 1: Categorisation of LLM evaluation dimen-
sions.

2.2. Evaluation Challenges
Several challenges recur in the literature, sum-
marised in Table 2 across scope, approach, task,
and level. Many challenges cut across multiple
evaluation aspects; for example, sustainability con-
cerns can arise at multiple tasks and approaches.
We focus on representative challenges at the scope
and approach levels to illustrate key issues, rather
than attempting an exhaustive list.

Intrinsic Challenges Intrinsic challenges can be
summarised by a lack of robustness, reproducibility,
variation in possible answers and a lack of model
transparency. The lack of robustness can be ex-
plained by the fact that LLMs have an inherent in-
stability, which can result in different answers for
small variations in prompts. Therefore, different
punctuation, wording, or order of prompts can af-
fect the outcome of the system (Sclar et al., 2024)
(Loya et al., 2023). Mizrahi et al. (2024) and Hida
et al. (2024) show that varying the prompts and the
prompt formatting can result in different rankings
of LLMs in terms of performance. Additionally, for
few-shot learning, the order of samples affects per-
formance (Lu et al., 2022), and similarly, the order
of answers for multiple choice tasks also matters
(Pezeshkpour and Hruschka, 2024).

Related to this is the lack of reproducibility: gen-
erally, LLMs lack the ability to consistently obtain
the same results under the same conditions due
to their non-deterministic nature and confounding
variables such as errors in benchmarks and differ-
ent LLM model versions. This affects evaluation
trustworthiness on local (where the same task can
yield inconsistent results) and global scale (where
reproducing research results is hindered by insuffi-
cient documentation and version control) (Laskar
et al., 2024; Biderman et al., 2024). We note that
non-determinism can be limited through greedy de-
coding settings, though this is not common prac-
tice. Recent research by Vaugrante et al. (2024)
demonstrates that many benchmark results that led
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Challenge Scope Approach Task Level
Robustness Intrinsic Any NLG Model
Reproducibility Intrinsic Any NLG Model
Model transparency Intrinsic Any NLG Model
Lack of standardisation Extrinsic Human Any Any
Subjectivity Extrinsic Human Any Any
Data leakage Extrinsic Metrics NLU System
Data quality Extrinsic Benchmarks/Metrics Any Output
Sustainability Extrinsic Any Any System
Bias and fairness Intrinsic/Extrinsic Any Any Any
Answer diversity Intrinsic/Extrinsic Metrics NLG Output

Table 2: LLM evaluation challenges mapped to scope, approach, task, and level.

to published landmark results (such as the effec-
tiveness of zero-shot chain-of-thought prompting,
expert prompting and sandbagging) are not repro-
ducible, even when the same benchmarks are run
again on the same model versions. This is indica-
tive of a fundamental replicability "crisis" in LLM
research. Further, and importantly, the statistical
underpinning of evaluation results is only a rela-
tively new topic in the LLM field (see e.g. (Miller,
2024)).

Sallou et al. (2024) identify three key reproducibil-
ity challenges: output variability, time-based out-
put drift (due to retraining or user feedback), and
traceability (linking outputs to specific prompts and
configurations). Additionally, Atil et al. (2024) note
that LLM stability varies across tasks and is rarely
deterministic.

Another challenge that can be both intrinsic and
extrinsic is the diversity of correct answers in NLG
tasks (Wang et al., 2023). Lexical and semantic
matching techniques can evaluate answers to a
certain degree, but it is not useful if the given an-
swer is not included in the ground truth (Kamalloo
et al., 2023). Finally, lack of model transparency
complicates LLM evaluation. Many models do not
disclose their training data, architecture, or weights,
making them harder to assess (Liu et al., 2023c;
Liesenfeld and Dingemanse, 2024). Even with dis-
closed data, the low explainability of LLMs limits
understanding of how they produce answers (Wu
et al., 2023b)

Human-related Evaluation Challenges We can
identify two evaluation challenges that mainly relate
to human aspects: 1) lack of universally accepted
standards, and 2) human subjectivity in evaluation.
The rapid growth of LLMs has led to numerous
benchmarks and evaluation methods, but no uni-
versally accepted standard exists. Researchers
create their own benchmarks, raising challenges in
benchmark selection, implementation, prompt vari-
ations, and fair model comparison (McIntosh et al.,
2024; Post, 2018; Biderman et al., 2024). While

human evaluation is essential, it remains challeng-
ing due to inter-annotator disagreement, biases,
and sensitivity to question framing (Abeysinghe
and Circi, 2024). Besides, human evaluation is of-
ten time-consuming and costly. Subjectivity also
affects automatic evaluation, as benchmarks, ex-
amples, and annotations are influenced by human
judgment.

Metrics & Benchmark Challenges There are
several challenges due to the limitations of current
evaluation metrics and benchmarks. First of all,
data leakage or data contamination gives rise to
the question whether results on benchmarks and
test sets can still be trusted (Sainz et al., 2023;
Zhou et al., 2023). Balloccu et al. (2024) show
that the GPT-3.5 and GPT-4 models have been
exposed to 4.7M samples from 263 different bench-
marks during retraining. Second, whether models
treat individuals or social groups fairly has been a
complex, yet pressing evaluation challenge. Even
current state-of-the-art LLMs have been proven
to exhibit biased behaviour (Plaza-del Arco et al.,
2024). There is no consensus on the conceptualisa-
tion of ‘social bias’ in its many forms (Blodgett et al.,
2020). For LLMs specifically, existing benchmarks
have been shown to be inconsistent in measuring
different forms of bias (Blodgett et al., 2021). While
there exist many different metrics and datasets, a
’gold standard’ is lacking (Gallegos et al., 2024).

Furthermore, there is the issue of data quality.
A ground truth dataset is often required, but they
are costly to construct and thus limited in size and
variety (Nasution and Onan, 2024). Annotation by
humans is not always consistent (Hashemi et al.,
2024), and annotator quality also influences the
quality of the dataset, and therefore the evaluation
(Grosman et al., 2020; de León Languré and Za-
reei, 2024). Finally, LLMs require a large amount of
computing resources. A challenge is how to mea-
sure the sustainability of both training and using
these models (Khowaja et al., 2024).
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3. Metrics

When evaluating LLMs in practice, relying on hu-
man evaluation is often costly and time-intensive,
while standard benchmarks may be unsuitable
because they are neither domain- nor data-
independent. As a result, automatic metrics are
frequently used as a practical alternative. This sec-
tion presents an overview of existing metrics, their
strengths, and weaknesses.

In general, the assessed metrics show moderate
correlation with human judgment and are inade-
quate for evaluations requiring 100% correlation
with human evaluators due to the subjective na-
ture of text evaluation (Celikyilmaz et al., 2021; Zhu
et al., 2024; Liu et al., 2023a). Most metrics require
references (a ground truth), which are often low-
quality or unavailable (Ke et al., 2022). Reference-
free metrics need unambiguous criteria definitions.
Metrics like BLEU (Papineni et al., 2002) can vary
in implementation, affecting comparability across
studies (Post, 2018). There is no ultimate met-
ric for LLM evaluation; the choice depends on the
task, scope, and level of evaluation, the level of cor-
relation with human judgment needed, and other
factors such as computational resources and refer-
ence availability. In Table 3, we have compiled a
set of metrics. These are categorised into classifi-
cation, ranking, statistical, model-based, and LLM-
based, each with its strengths and weaknesses,
discussed below.

Traditional classification metrics They cate-
gorise the outputs as correct or incorrect and pro-
vide simple performance metrics. The metrics in-
cluded in this category in Table 3 are accuracy, pre-
cision, recall, and F-score. Strengths: Traditional
classification metrics tend to be simple and intu-
itive, making them easy to implement and easy to
interpret. They are a straightforward tool for binary
classification tasks, such as comparing generated
text to a gold standard reference. Weaknesses:
These metrics require a narrow definition of cor-
rectness, which is not available in all text gener-
ation tasks. They often do not work well with un-
balanced datasets, and high-quality labelled data
is required to compute these metrics, which is not
always available. Furthermore, the binary categori-
sation approach fails to account for partially correct
outputs, which is crucial in open-ended text gener-
ation tasks.

Ranking metrics These are used to evaluate the
performance of models that produce a ranked set of
possible solutions to the given task. These metrics
compare these ranked outputs against a correct so-
lution or reference. The metrics included in this cat-
egory in Table 3 are SaCC (strict accuracy), LaCC

(lenient accuracy), and MRR (mean reciprocal rank)
(Voorhees and Tice, 2000). Strengths: Ranking
metrics are easy to understand and allow for more
nuanced evaluation of non-deterministic models
by considering a ranking of multiple different re-
sponses to the same query. They are particularly
valuable for recommendation systems (e.g. search
engines), where the position of the correct answer
in a list is significant (Jadon and Patil, 2025). These
metrics offer a more detailed insight into text gen-
eration performance than metrics based on only a
single output per query.

Weaknesses: The quality of these metrics re-
lies heavily on the references used and can be
sensitive to class imbalance. They require multi-
ple outputs per query and ranking, making them
more computationally expensive than single-output
metrics. Ranking metrics often only consider the
highest-ranked correct answer, ignoring other cor-
rect answers or when the text generator indicates
that the answer is unknown.

Statistical metrics They measure the level of cor-
respondence or matching between n-grams, which
can be characters, word pairs or word sequences.
The metrics included in this category in Table 3
are chrF (Popović, 2015), BLEU (Papineni et al.,
2002), ROUGE (Lin, 2004), METEOR (Banerjee
and Lavie, 2005), and Perplexity (Jelinek et al.,
1977). Strengths: They are simple and easy to
implement, and especially powerful for NLG tasks
that require exact matching, such as speech recog-
nition or machine translation (MT). Weaknesses:
They do not account for the fact that the same idea
can be correctly expressed in various ways, i.e.,
they do not account for meaning, only for lexical
overlap. They are only representative if high-quality
references are available.

Model-based metrics These metrics use the to-
kenizer functions and/or embeddings of language
models to encode the text, and evaluate text by
computing the similarity between the generated text
and the expected answer. The metrics included in
this category in Table 3 are BLEURT (Sellam et al.,
2020), BERTScore (Zhang et al., 2019), Mauve (Pil-
lutla et al., 2024), MoverScore (Zhao et al., 2019),
COMET (Rei et al., 2020), FrugalScore (Kamal Ed-
dine et al., 2022), and CTRLEval (Ke et al., 2022).
Strengths: Model-based metrics take semantics
into consideration, which traditional metrics cannot
do. Whereas traditional metrics tend to only work
with proxies for the semantics of a text, the LLMs
that these metrics are based on are designed to
capture meaning. In some cases, references are
not needed. Weaknesses: The effectiveness of
these metrics depends on the performance of the
model. They require significant computational re-



27

Metric
name Task Measures GT Resources

C
la

ss
ifi

ca
tio

n Accuracy - Fraction of correct answers ✓ - -
Precision - Fraction of true positives over all positive responses ✓ - -

Recall - Fraction of true positives over all actual positive
responses ✓ - -

F-score - Harmonic mean of precision and recall ✓ - -

Ra
nk

in
g SaCC - How often highest ranked answer is correct ✓ - -

LaCC - How often correct answer in top 5 ✓ - -
MRR - How high correct answer ranks on average ✓ - -

St
at

is
tic

al chrF MT Character N-gram F-score ✓ -
BLEU MT Similarity of translation to a reference text ✓ -

ROUGE Summ. Lexical overlap between summary and reference
text ✓ -

METEOR MT Similarity of translation to a reference text ✓ -
Perplexity - Model’s probability to predict a given text ✗ +

M
od

el
-b

as
ed

BLEURT - Non-trivial semantic similarities between sentences ✓ +

BERTScore - Contextualised embedding-based semantic similar-
ity ✓ +

Mauve - Statistical gap between two text distributions ✓ +

MoverScore - Semantic similarity of generated text to reference
text ✓ +

COMET MT Quality of generated translation ✗ ++

FrugalScore - Semantic similarity of generated text to reference
text ✓ +

CTRLEval Gen. Coherence, consistency and attribute relevance of
controlled text generation ✗ +

LL
M

-b
as

ed G-Eval - Quality of NLG output based on user-defined criteria ✗ +++
Prometheus
1 and 2 - Any long-form text based on customised score

rubric provided by the user ✓ ++

GEMBA MT Quality of generated translation ✗ +++
Table 3: Overview of metrics to evaluate text generation. GT = Ground Truth required. For the column
Task (task specific metrics): MT = Machine Translation, Summ. = summarization, Gen. = text generation.

sources and inherit some of the problems of lan-
guage models, such as biases. These metrics be-
come a ‘moving target’ when new and improved
versions of the model are released, where the ques-
tion of whether the metrics should be updated is
hard to answer, because although the model might
have improved, scores are only comparable be-
tween identical models.

Generative LLM as evaluator (LLM-based)
These methods leverage the reasoning and
instruction-following capabilities of generative
LLMs by proposing a tool, framework, or set
of steps to use an LLM to evaluate gener-
ated text based on some criteria defined by the
user. This approach is also often called LLM-
as-a-Judge (Gu et al., 2025). The metrics in-
cluded in this category in Table 3 are G-Eval (Liu
et al., 2023a), Prometheus 1 and 2 (Kim et al.,
2024a,b), and GEMBA (Kocmi and Federmann,
2023). Strengths: These evaluation methods are
flexible and can be used with any text generation
task. The scores given can be explained by the
LLM in natural language. They can be improved by

evaluating the same task several times and com-
puting the average or distribution. Weaknesses:
These metrics are highly dependent on the model,
instructions, and language used. They inherit is-
sues like inconsistency, lack of transparency, and
bias from language models. Using LLMs as evalu-
ators demands significant computational resources
and raises ethical and environmental concerns, es-
pecially with proprietary models. Generative LLMs
have larger computational requirements than those
used in simpler approaches like BERTScore.

4. Evaluation in Practice

To collect practical evaluation challenges, we con-
ducted a survey with 19 LLM developers at a Dutch
applied research institute. The survey aimed to
gain insights into the evaluation methods currently
used and the challenges encountered. Additionally,
we implemented metrics in a practical use case to
gain insight into their strengths and weaknesses.
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4.1. Survey Results Overview
The 19 respondents varied in experience, sector
(e.g., government, health), and type of developed
applications. We asked the respondents questions
on applied evaluation methods, arguments for their
choice of evaluation methods, challenges they face
in their evaluation, which challenges they find most
urgent and what they would need for better evalu-
ations1. From the survey results, we focused on
respondents’ evaluation methods, the reasons for
using those, and their questions and needs regard-
ing LLM evaluation in practice. For each response,
we manually extracted a list of needs, then grouped
similar or identical needs. Finally, we categorised
the extracted needs into five themes: Resources,
Datasets, Metrics, System, and Governance, which
are discussed below2.

Resources 14 respondents expressed a strong
need for comprehensive and practical guid-
ance to support evaluation workflows. This in-
cludes general and task-specific evaluation frame-
works, prompting strategies, and human-in-the-
loop methodologies. There is a clear demand for
structured approaches that help practitioners tailor
metrics to use cases, integrate manual and auto-
mated methods, and identify suitable domain ex-
perts. The community also seeks clarity on when
and how to apply different evaluation techniques,
supported by up-to-date lists of tools and relevant
literature. Handling LLM-specific challenges, such
as hallucinations, multiple correct answers, and
instruction-following failures, was also highlighted
as a critical area requiring dedicated guidelines.

Datasets 5 evaluation practitioners emphasised
the importance of transparency in dataset construc-
tion and usage. Key concerns include contamina-
tion of evaluation datasets, the quality and reliabil-
ity of reference data, and the availability of bench-
marks that are both accessible and widely accepted.
There is also a need for support in creating custom
benchmarks tailored to specific tasks or domains.
Notably, respondents highlighted the challenge of
evaluating without ground truth, pointing to a gap in
methods that can assess model outputs in contexts
without a ground truth available.

Metrics 19 practitioners expressed a need for
metrics that are interpretable, robust, and aligned
with human judgment, especially in terms of correct-
ness over fluency. There is a desire for flexibility
in selecting metrics across multiple dimensions,

1All survey questions can be found in Appendix A.
2The full list of needs for LLM evaluation in practice

extracted from the survey and categorised by theme can
be found in Appendix B.

such as factuality, creativity, and bias, and for tools
that support custom metric design. Respondents
also indicated a desire for visibility into the com-
putational and environmental costs of metrics, as
well as guidance on their applicability across differ-
ent tasks, budgets, and domains. Specific needs
include metrics for multilingual evaluation, fuzzy
matching, and RAG systems.

System 3 practitioners indicated the importance
of contextualising evaluation within the broader sys-
tem in which the LLM operates. This includes un-
derstanding the required quality level for a given
application and clarifying who the intended end
user of each evaluation method is. There is also
a need for clearer guidance on when LLM-based
evaluators are appropriate, especially in relation to
human judgment and task complexity. These in-
sights point to a growing recognition that evaluation
cannot be isolated from the product or pipeline con-
text and must be adapted to real-world deployment
scenarios.

Governance The governance theme reflects con-
cerns about the broader implications of evaluation
practices. 2 respondents called for consideration
of the environmental impact of evaluation meth-
ods, as they noted that robust evaluation requires
repeated trials to achieve statistically significant re-
sults, which can conflict with sustainability goals
due to the increased computational and energy
demands. There is also a need for scoring or as-
sessing evaluation approaches based on their align-
ment with ethical and legal standards, particularly
EU and Dutch values. These concerns highlight
the importance of responsible evaluation practices
that go beyond technical performance to include
sustainability and compliance dimensions.

4.2. Metric tests in a practical use case
To understand the challenges of evaluating LLM-
generated text in practice, we implemented three
metrics in a practical use case involving a chat-
bot prototype for a government dashboard. The
chatbot helps users interpret complex health statis-
tics from a psychological/behavioural model. The
chatbot is designed to handle simple questions
only, allowing psychologists more time to address
complex queries from the users of the dashboard.
Examples of questions that the chatbot can answer
are: what does ‘technostress’ mean?; or what is
the score (or status) of ‘social support’ in my team;
or how does ‘work-life balance’ relate to ‘work en-
gagement’?. The chatbot can also answer more
complex filter questions such as: which indicators
in the positive functioning category have a ‘green’
status?.
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To answer the questions, the chatbot retrieves
data using predefined functions (function calling),
which ensures responses are based on actual data.
If users ask unrelated questions, the chatbot politely
declines to answer. Metrics were chosen based on
task type, availability of reference text, and chatbot
response type (textual/numerical output). For all
tasks, we check that the correct function is being
called. Then, by using Table 3 and based on their
popularity and availability off-the-shelf, we chose
a set of metrics to apply to the content of the re-
sponses by the chatbot.

Exact string matching Although not an LLM
evaluation metric, in this case, it is suitable for ques-
tions in which the chatbot is expected to answer
with a numerical score, a predefined status, or a
partially fixed message.

For a numerical score or a predefined status (e.g.,
’green’ or ’good’, ’orange’ or ’attention’, or ’red’ or
’urgent’), we built a helper function that extracts
the number or status word from the answer and
matches it with the expected number or status word
from the database.

For queries to which the chatbot refuses to an-
swer, we compiled a set of semantically equivalent
formulations in Dutch. In our automatic evaluation,
we check that at least one of these pieces of text is
present in the chatbot’s answer.

This method is simple, reliable and deterministic,
and it successfully detects when a chatbot’s answer
is wrong, according to human judgment.

BLEU (Papineni et al., 2002) For questions about
the definition of a term, which involves retrieving
definitions from the database, BLEU can mea-
sure lexical overlap between the references and
the chatbot’s output. We used SacreBLEU (Post,
2018), which standardises tokenisation for consis-
tent scores. As the desired output is composed
of two different text components (definition and in-
terpretation), we also applied fuzzy string match-
ing with these two texts to complement the BLEU
scores. BLEU measures lexical overlap well when
small deviations from a reference answer are ac-
ceptable. This metric is relatively simple, consistent
and deterministic. The score successfully detects
when the chatbot response is very different to what
is expected. However, because BLEU is a continu-
ous score, it was necessary to define a threshold to
classify responses as correct or incorrect. To deter-
mine this threshold, we explored three approaches.

The first approach was to use the arithmetic
mean of all BLEU scores as the threshold. This
method is simple and intuitive, as it considers the
overall distribution of scores. However, it is sen-
sitive to outliers, potentially leading to a threshold
that does not reflect the majority of cases.

To mitigate the effect of outliers, we also consid-
ered the median, which represents the middle value

when all scores are sorted. The median is more
robust to skewed distributions and extreme values,
providing a more stable threshold in cases where
the BLEU scores are not symmetrically distributed.

Finally, we applied the Jenks natural breaks op-
timisation (Fisher-Jenks algorithm) (Jenks, 1967),
which partitions the data into classes by minimising
variance within each class and maximising vari-
ance between classes. In our case, we specified
two classes (correct vs. incorrect), and the algo-
rithm identified the break point that best separates
the two clusters of BLEU scores. Unlike the mean
or median, this method adapts to the actual distri-
bution of the data, making it particularly suitable
when scores form distinct groups.

To validate these thresholds, we conducted a
manual evaluation comparing expected answers
to model outputs. The threshold identified by the
Jenks-based approach corresponded best with hu-
man judgment. Consequently, we incorporated
fixed lower and upper bounds (10 and 30) along-
side the Jenks-based threshold for classifying am-
biguous responses, ensuring that only responses
with a reasonable degree of overlap are consid-
ered correct, while also automating the classifica-
tion of clearly inadequate or highly satisfactory re-
sponses.3

BERTScore (Zhang et al., 2019) When a user
asks for concepts that are not in the database, or
about any information unrelated to the dashboard,
the chatbot should politely decline to answer. We
evaluated this using exact string matching. In addi-
tion, we wanted to assess whether a model-based
metric would be more suitable than string match-
ing in this case, so we implemented BERTScore.
Model-based metrics that calculate the similarities
using the contextualised embeddings are more suit-
able than metrics based on lexical overlap, such
as BLEU, for textual outputs in which the response
can convey the correct message but using different
words. We compared BLEU, fuzzy string match-
ing, and BERTScore on a sample reference text.
BERTScore yielded results comparable to BLEU
and fuzzy string matching. BERTScore is more
lenient towards small syntactic variations, such as
synonyms, but the broader context of the sentence
is overlooked. The variability in scores is even lower
than with BLEU, often lacking a clear cut-off point.

G-Eval (Liu et al., 2023a) In the absence of ref-
erence texts, an LLM as evaluator offers flexibility
similar to human evaluation, as the model can be
provided with specific criteria for assessment. For
this reason, we applied G-Eval to complex, open-
ended questions in which the user asks the chatbot

3A BLEU score of 30 was selected as the upper thresh-
old, as the chatbot responses include additional text be-
yond the retrieved definition. In our tests, a score of 30
consistently indicated high-quality, complete definitions.
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for advice, given the data shown in the dashboard.
We used GPT-4o as the backbone LLM for this.

Within this task, the chatbot performs function
calling to aggregate data from different parts of the
model and provides a recommendation. One of the
developers of the chatbot evaluated the chatbot’s
output according to a list of criteria. We then used
the same criteria within G-Eval (Liu et al., 2023a).
We focused on the advice part of the response,
where the chatbot recommends which scores for
terms associated with a broader category should
be improved. A requirement was that the chatbot
must not generate any information that cannot be
derived from the dashboard data. We executed
this evaluation repeatedly over the same set of four
different responses from the chatbot to the same
question. We observed that the scores given by
G-Eval are not consistent across the different ex-
ecutions. We also saw that G-Eval did not always
comply with the predefined criteria.

5. Lessons Learned

This section summarises the key lessons learned
from the literature review, survey, and use case.
We share a set of best practices to help develop-
ers design effective evaluation strategies for LLM
evaluation.

1. The first step for LLM evaluation is to clearly
define the evaluation task. This starts with estab-
lishing the goal: different objectives require distinct
evaluation methods, as we observed in Section 4.2.

2. Identify and describe the end-user of the gen-
erated text that is being evaluated.

3. Based on the evaluation description and end-
user, choose a suitable evaluation method and met-
ric. When possible, it is advisable to include a form
of human evaluation, especially for complex gen-
erated answers, or to ensure that the evaluation
method performs as expected.

4. Finally, document the choice for the evaluation
method and the reasons behind the choice, so that
it can be reviewed and adjusted if the evaluation
scenario changes in the future. Note that it is also
wise to consider intermediate outputs and the num-
ber of prompts or the prompting technique needed
to reach the final correct answer.

There are several key considerations throughout
this process. When using references or a ground
truth, these should be of the highest quality possi-
ble (i.e., reputable source, verified by domain ex-
perts, in line with the defined task). When using
non-deterministic metrics (i.e. LLM as evaluator),
scores should be computed several times due to
potential inconsistencies. Averages and standard
deviations should be computed to make the out-
comes more robust.

Finally, based on our analysis, survey, and use

case, we conclude that human evaluation remains
essential for assessing LLM performance. The use
case demonstrated that evaluation metrics can be
combined and tailored to the specific task or do-
main. However, even well-designed metrics cannot
capture all relevant aspects of model performance.
Automated benchmarks have limitations that can-
not easily be overcome, making it unwise to rely
solely on their outcomes. Instead, meaningful eval-
uation should combine task-specific metrics with
human judgment in real-world contexts, ensuring a
more comprehensive and reliable assessment.

6. Conclusion

The evaluation of LLMs is a crucial topic given
their rapid development and widespread adoption
across domains. As the number of LLM-based ap-
plications grows, the need for robust evaluation
frameworks becomes evident, not only to guide de-
velopment and to enable meaningful comparisons
between models, but also to ensure their reliability
and correctness in critical applications.

In this work, we gathered insights and lessons
learned both from scientific literature and from prac-
tice. We outlined literature on the evaluation of
LLMs and gave a categorisation of the main chal-
lenges in LLM evaluation, with a focus on LLM
intrinsic, human-related, and automatic evaluation
challenges. Additionally, we presented a categori-
sation of popular and available text generation met-
rics.

To gain insights into challenges from practice,
we conducted a survey targeted to LLM developers.
The results show that the main problems mentioned
are the absence of references or a ground truth
and the difficulty of finding trustworthy benchmarks.
According to the respondents, integrating automatic
methods with human expertise in evaluation is a
relevant direction of future research.

In applying LLM evaluation metrics to a real
use case, we found that starting with the sim-
plest metrics that best fit the task and available
resources was effective. More sophisticated met-
rics like BERTScore (Zhang et al., 2019) do not nec-
essarily provide better evaluation quality than sim-
pler ones like BLEU (Papineni et al., 2002) or even
string matching, depending on the evaluation’s goal.
While more flexible metrics like G-Eval (Liu et al.,
2023a) can be powerful when no reference text
is available, they are difficult to control in terms
of consistency and require clearly defined criteria.
Ultimately, we found that combining simpler and
sophisticated metrics strikes a good balance be-
tween evaluation performance, explainability, and
resource efficiency. When paired with human eval-
uation, such a combination can reduce the amount
of manual work while still ensuring a proper and
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reliable assessment of model performance.
For future work, it would be valuable to test more

metrics and combinations of them in a wider array
of practical use cases to further highlight evaluation
challenges beyond benchmarks and scientific tasks.
Expanding metrics to address bias, fairness, and
sustainability is critical, given that current frame-
works fail to adequately capture these dimensions.
Finally, greater transparency from language models
about their evaluation processes is needed to facil-
itate more robust and interpretable assessments.

7. Limitations

This study has several limitations. While we re-
viewed relevant recent literature, we did not con-
duct a systematic literature review, so some rele-
vant works may have been missed. The goal of
this work was to compare scientific challenges to
practical insights, rather than to provide a compre-
hensive overview. Similarly, while we described
and categorised commonly used metrics, the list is
not exhaustive.

Another limitation is that our findings and lessons
learned are based on a small survey and a single
use case, which may not fully capture the broader
landscape of LLM evaluation challenges. The sur-
vey participants were LLM engineers working in ap-
plied research, so our best practices may not fully
reflect end-user satisfaction or concerns arising in
industry deployment contexts. Involving a broader
and more diverse group, such as end users or re-
searchers from different domains, could provide
additional perspectives.

Regarding the use case, we tested a limited set
of metrics on a single application, which may limit
the generalisability of our findings. Due to time con-
straints, we did not perform a comprehensive statis-
tical analysis of the metrics applied to the different
tasks performed by the chatbot, which may affect
the reliability and robustness of our observations.
Furthermore, due to confidentiality constraints, we
are unable to share all details of the use case, which
impacts transparency and reproducibility.

Finally, although we touch on broader LLM eval-
uation challenges, this study primarily focuses on
text generation. Evaluating tasks like reasoning
or retrieval may require different approaches and
further investigation.

8. Ethical Considerations

The survey conducted as part of this study was
anonymous, and participants provided informed
consent before beginning the survey. No person-
ally identifiable information was collected, and re-
sponses were used solely for research purposes.
As the survey focused on professional experiences

with LLMs and did not involve sensitive personal
data, no formal ethics board approval was required.
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A. Appendix A: Survey Questions

Best practices & practical challenges in the
evaluation of LLMs As part of our research on the
evaluation of Large Language Models (LLMs) we
are identifying the challenges with the evaluation
of LLMs and the state-of-the-art methods both
from scientific and practical perspective. As part of
the practical perspective we want to collect both
best practices, research and practical challenges
developers run into at company XXX. This survey
has two goals: 1) Gain insight in how the evaluation
is approached in current research on LLMs within
company XXX 2) Collect practical challenges that
developers/projects run into when evaluating their
LLM-based applications The results of this survey
will be used anonymised and aggregated (such
that they are not traceable to you or your project)
in our report and possibly in a scientific paper. By
filling this survey you agree with this use of your
response. In case of any questions about the
survey, please contact XXXX or XXXX Thank you!

General information First we would like to know
some general information about your background,
experience and sector you are working in.

Q1: What is your background?

• Artificial Intelligence

• Linguistics

• Computer Science

• Mathematics

• Social Sciences

• Other

Q2: What is your experience in working with
(Large) Language Models?

• < 1 year

• 1-2 years

• 3-5 years

• 5-10 years

• > 10 years

Q3 For which sector is (most of) your work
aimed?

• Health

• Mobility

• Sustainability

• Safety & security

• Government

• Not sector specific

• Other

Your research and applications First we would
like to know about your research, in which way do
you use LLMs?

Q4: How many projects related to LLMs do/did
you work on this year?

• 0

• 1

• 2

• 3

• 4

• 5+

Q5: In what ways do you use LLMs in your re-
search?

• Research on evaluation of LLMs

• Research on increasing performance of LLMs

• Research on integrating LLMs, knowledge
and/or tools

• Chatbot

• RAG-application

• Text analysis applications

• Multi-modal applications

• Other

Q6: In which phase is your research? (e.g.
problem analysis, design, implementation, evalua-
tion, pilot, deployed) - if you have multiple projects,
please answer the question for all of your projects.

Evaluation in practice We would like to hear
more about your choices for the evaluation and
which challenges you run/ran into?

Q7: Which methods of evaluation do you (aim
to) use?

• automatic evaluation (metrics)

• human evaluation

• LLM-based evaluation

• Other
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Q8: Can you give a description of the evaluation
method you (aim to) use? For example what do
you aim to evaluation, which metrics do you use,
what do you evaluate with humans?

Q9: Why did you choose this way of evaluation?
Q10: What are challenges that you run/ran into

for the evaluation of your LLM?
Q11: What are questions that you have regard-

ing the evaluation of LLMs?

Research on LLM evaluation If you research
LLM evaluation specifically, we are curious to hear
more about your work.

Q12: Do you research LLM evaluation specifi-
cally?

• Yes

• No

Q13: What does your research focus on?
Q14: Do you have results that you can share?

Your opinion on LLM evaluation research?
We are curious to hear more about what you think
are the most relevant/urgent research topics and
challenges.

Q15 What do you think is the most relevant
method of evaluation of LLMs? (rank from most to
least relevant)

• Human evaluation

• Automatic evaluation

• LLM-based evaluation

• Combination of human and automatic evalua-
tion

• Combination of all three forms of evaluation

Q16: What do you think is the biggest challenge
in LLM evaluation (rank form biggest to smalles
challenge)

• Robustness, i.e. the ability to produce the simi-
lar results for (small) variations in prompts and
orders

• Reproducibility, i.e. the ability to produce the
same result multiple times

• Data quality, i.e. achieving a qualitative ground
truth data set

• Data Leakage, i.e. the fact that test data/ test
scenario’s might be included in the training
data

• Lack of universally accepted benchmarks, i.e.
large variety of benchmarks that all have lim-
ited variability in prompts/scenario’s, are bi-
ased to English data, do not consider alterna-
tive answers.

• Subjectivity of humans, i.e. different humans
give different answers in both annotation and
evaluation

• Fairness evaluation, i.e. challenges in gaining
insight in biases of the models

• Sustainability, i.e. the energy usage of these
models during evaluation and deployment

• Lack of model transparency, i.e. no/limited
access or insight in training data and weights

• Other challenge, i.e. a challenge you en-
counter that is not in this list

Q17: If you ranked ’Other challenge’ in the previ-
ous question, please let us know which challenge
you mean?

Q18: What solution or research would you be
helped with?

Next steps This survey is meant as a way to
collect more general insights, but does not allow
for in-depth discussions. We might be interested
to discuss your research and challenges in more
detail. These are the last two questions of the
survey, thank you very much for helping us and
don’t forget to submit! :)

Q19: If you are open to a discussion, please
leave your email here or send a message to XXX
or XXX in case you don’t want your answers linked
to you.

Q20: If you have any other comments or ques-
tions you can leave them here.

B. Appendix B: Survey Results
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Resources - Total: 14
15. General guidelines for conducting evaluations.
16. Identification of state-of-the-art evaluation techniques.
20. Methods, frameworks, or guidelines for human/manual evaluation.
23. Guidelines for tailoring metrics to specific use cases.
24. Guidance on integrating task-specific and general evaluation methods.
25. A structured approach to evaluation.
26. Guidance on identifying domain experts for evaluation.
30. Recommendations for effective prompting strategies.
32. Human-in-the-loop evaluation methodologies.
34. An always up-to-date list of available evaluation tools and methods.
35. Guidance on when to use each evaluation method.
36. Clear definitions of text generation tasks to support evaluation.
38. Relevant and rigorous scientific literature on LLMs as evaluators.
43. Guidelines for handling LLM inconsistencies, multiple correct answers, hallucinations, and instruction-
following failures.
Datasets - Total: 5
2. Transparency about data contamination in evaluation datasets.
4. An accessible overview of available benchmarks and their quality or acceptance level.
5. Support for creating custom benchmarks.
27. Transparency about the quality of reference data (ground truth).
41. Methods for evaluating without references or ground truth.
Metrics - Total: 19
3. Consistency metrics and repetition guidance tailored to each task.
7. Support for designing custom metrics with heuristic guidance.
8. Specification of the domain or range of applicability for each metric.
9. Visibility into the computational cost of each metric.
10. Clear interpretation of evaluation metrics.
11. Information on the robustness of metrics.
12. Metrics that prioritize correctness over fluency.
13. Frameworks that include multiple evaluation dimensions (e.g., factuality, correctness, conciseness,
creativity, bias, interpretability, tone).
14. Flexibility in selecting metrics across different dimensions.
17. Specific metrics for evaluating Retrieval-Augmented Generation (RAG) systems.
18. Indication of how well metrics correlate with human judgment.
19. Guidance on which metrics are suitable under different budget constraints.
22. Mapping between evaluation accuracy (e.g., repetitions needed for significant scores) and environ-
mental cost.
28. Metrics for evaluating the efficiency of LLM responses.
29. Guidance on handling fuzzy matching in evaluation.
31. Indication of speed, accuracy, and completeness of metrics.
39. Capabilities for multilingual evaluation.
40. Indication of which evaluation aspects are prerequisites for others.
42. Insights into the generalizability of metrics.
System - Total: 3
1. A clear understanding of the required quality level for evaluation.
6. Clarity on the intended end user of each metric or evaluation method.
33. Clarity on when LLM-based evaluators are appropriate or not.
Governance - Total: 2
21. Consideration of the environmental impact (e.g., carbon footprint) of metrics.
37. Scoring of evaluation methods based on alignment with EU and Dutch values.

Table 4: Needs for LLM evaluation in practice reported by survey respondents, and grouped under the
themes Resources, Datasets, Metrics, System, and Governance.


